Abstract: A hybrid simulation framework was proposed to predict the dynamics in cell culture bioreactors. The model is based on a multi-agent approach where CHO cells are considered as individuals (agents) following a rule base governing their behavior, while a flux balance model is embedded in agents to predict quantitative changes in nutrient and metabolite concentrations. The model takes the measured dissolved oxygen, and sodium data as input along with initial cell culture conditions and predicts the dynamics of viable cell density, viability, concentrations of glucose and lactate. The model showed good agreement with the experimental findings from our laboratory for two sets of cell culture experiments.
INTRODUCTION
The complexity of therapeutic proteins and their biological production systems represent extraordinary challenges to engineers and optimization of these processes requires good understanding of living cells (Kundu et al., 2010) . Chinese hamster ovary (CHO) cell has an extensive use in production of various therapeutic proteins including monoclonal antibodies. While most preferred operating mode has remained as fed-batch process, (Huang et al., 2010) as it combines the advantages of batch and continuous modes, there is still great need for optimization of culture conditions. A mathematical model that offers the ability to perform experiments in silico and accurately predict the interplay between the cells and bioreactor environment can be crucial for optimization, monitoring and process control purposes (Tziampazis and Sambanis, 1994) .
Many computational modeling approaches have been studied to simulate and optimize cell culture processes. Xing et al. applied Markov chain Monte Carlo Method to model the kinetics of a fed-batch CHO cell culture process in large scale bioreactors. Karra et al. developed a one dimensional population balance model combined with average cell model to account for the heterogeneity to explain the CHO cell cultures media concentration dynamics, and protein production. Nolan et al. studied dynamic flux based approach where cytosolic rate expressions are defined based on extracellular metabolite concentrations and predicted the effects of process variables, including temperature shift, seed density, specific productivity, and nutrient concentrations.
Agent-based modeling is an active area with applications in diverse fields ranging from social sciences and economics to traffic control and biology, by providing a novel modeling paradigm for dealing with the increasing complexities involved in the real world. Agent-based models (ABM) simulate the actions of individual heterogeneous building blocks, referred as agents, based on rules that originate from knowledge of the system under study (Macal and North, 2010) . The rules are often simple and developed to govern mostly local interactions, which results in emergent behavior of whole system as the time evolves. ABMs have advantages over differential/algebraic equation-based mechanistic modeling for its ability to integrate quantitative and qualitative knowledge, deal with multiple levels of actions, hold the history of the individuals, and ease in modeling emergent behavior (Figueredo et al., 2014) . ABMs have been used successfully in recent years for modeling biological systems focusing on individual cell behavior such as angiogenesis (Mehdizadeh et al., 2013) , osteogenesis of stem cells (Bayrak et al., 2014 ), brain tumors (Zhang et al., 2009) , and arterial adaptation in hypertension (Thorne et al., 2011) .
Use of ABMs to capture complexity in bioreactors is at an early stage. An ABM coupled with a transport model to simulate the dynamic relationship between cell and its microenvironment was developed for a tissue engineering bioreactor (Kaul et al., 2013) . The Euler-Lagrange approach was used with no explicit individual agent definition for addressing the heterogeneity present in both the fluid and cellular phases in fermentation bioreactor (Lapin et al., 2010) .
In this study, an ABM combined with metabolic flux model has been proposed to predict the dynamics of a cell culture bioreactor. It is hypothesized that this design can capture the influence of initial cell density, glucose feed and dissolved oxygen on cell culture performance parameters such as viable cell density (VCD) and viability over time.
METHODS

Model Structure
A hybrid ABM was developed to simulate CHO cell behavior in dynamic cell culture bioreactor conditions (Fig. 1) . The model is based on a multi-agent approach where CHO cells are considered as agents perceiving their environment and act based on predefined rules. Their actions and states are influenced by dynamic changes in dissolved oxygen (DO), sodium (Na), glucose (GLC) and lactate (LAC) concentration. Quantitative changes in glucose and lactate concentrations are predicted by modifying the dynamic flux based analysis (dFBA) modeling approach (Nolan and Lee, 2011) where cytosolic rate expressions (v in1 , v in2 , v in3 in Fig.2 ) are defined based on extracellular metabolite concentrations (GLC, LAC, CO 2 ), and adopting a simplified metabolic network (Appendix A) for metabolic cell metabolism network (Balcarcel and Clark, 2003) (Fig.2) . Model parameters are obtained from fed-batch cell culture experimental data presented in this study (Appendix A). Each CHO agent holds different values of kinetic parameters and updates them over time, and calls the dynamic flux model based on their states during a simulation. The total metabolite and nutrient concentration are calculated at the end of a simulation time step from each agent's contribution to the environment that will have an impact on the behavior of agents in the following time step. The rule set controlling agent's states and action is described in detail in Section 2.2.
CHO Agent Design and Rule Base
CHO cell considered as an agent, a software entity that sense the virtual bioreactor environment, processes the information through its internal logic and makes a decision to act. The agent's environment consists of soluble factors such as DO, GLC, LAC, Na and other cell agents. The agent has a number of variables that determine its internal state, and methods that regulate its behavior (Fig. 3.) . The values of the agent's variables and attributes are instantiated during the run, at each time step. The main states of the CHO agent are the phases in cell cycle such as G 1 , S, G 2 M and quiescent phase (G 0 ), additional to phases of programmed cell death such as early apoptosis (EA), late apoptosis (LA) and apoptosis (A). Each CHO agent can sense, migrate, grow through the cell cycle, proliferate and apoptose while consuming the nutrients and producing the metabolites. Literature and experimental observation based rule set is derived to model the behavior of a CHO cell agent. Environmental conditions are defined based on the relative oxygen, glucose, lactate and sodium concentrations that exist in the bioreactor environment. An environment, where dissolved oxygen and nutrients are higher and toxic byproduct concentration is lower than the defined threshold is considered as highly favorable for the existence of cells. A favorable environment starts with the deficiency of primary carbon source (glucose), sufficient levels of oxygen and relatively low toxic accumulation. This environmental condition causes cells to go through lactate metabolic shift (Mulukutla et al., 2012) where they consume both lactate and glucose. Low oxygen, however, results in reversing this shift and high production of lactate (Zagari et al., 2013) . Toxic accumulation is assumed to be caused by either excess lactate or sodium. Sodium is included in the model to account for osmolality influence on cell culture. Principal component analysis (PCA) is performed (results are not reported in this paper) to confirm the high correlation between sodium and osmolality. Higher osmolality can cause a significant reduction in both viable cell density and viability (Zhu et al., 2005) . The environmental conditions vary from highly favourable to severe depending on the conditions illustrated in Fig. 4 . state where agent actions are independent of environmental condition, since the committed cells will continue DNA synthesis regardless of nutrient extracellular conditions (Bartek and Lukas, 2001 ). Cells experiencing highly favorable condition will proceed with cell cycle. Each cell has an embedded clock for time-based actions (i.e. cell cycle). After completing the minimum time required to stay in the current state, an agent will move on to the next state. A favorable condition exists when the primary carbon source (glucose) is deficient and a cell will change its metabolic state to consume the by-products (lactate). Oxygen or nutritional deficiency can cause cells to abort from the cell cycle and become quiescent (G 0 ). A quiescent cell will not go through cell cycle and proliferate, but it will continue its metabolic activities with a reduced metabolic rate. Cells that have gone through metabolic shift are assumed to be less susceptible to environmental change, and have the ability to resume cell cycle activities under severe conditions whereas cells without adaptation go to the hypoxic state (early apoptosis) and may proceed to apoptosis to end their life cycle. The apoptosis probability is introduced to the model with the highest weight allocated to nutrient deficiency followed by oxygen deficiency and toxic by product accumulation (al-Rubeai and Singh, 1998) . The rules can be found in Fig. 5 .
Mean parameter values for the agent population including the thresholds for environmental definitions are listed in Table 1 . Most parameter values are estimated from the experimental study and some are adopted from the literature and vary among the individuals and with environmental conditions.
Model Initiation and Simulation Runs
The ABM is implemented in Java using open source agent modeling toolkit Repast (Recursive Porous Agent Simulation Toolkit). Repast includes packages of Java libraries to build 2D and 3D simulation environments, create agents, define relationships among the agents, and build user interfaces and displays. Repast provides a discrete event time scheduler with double precision real numbers for event times, that allows events scheduling for both sequential with priority ranking and concurrent activities (North et al., 2013) .
The simulations were performed by using Repast Simphony 2.1 with Java jdk version 7, Eclipse Kepler Standard as Java IDE, on a workstation with Mac OS X 10.8.5 operating system, 16 GB of RAM, and an Intel Core i7 processor. The parameter values for flux balance model were estimated from cell culture data using Matlab Simulated Annealing toolbox.
Fig. 5. The rule set governing the CHO cell agent behaviour
A three-dimensional (3D) model was constructed to simulate a lab-scale 3 L bioreactor and run for 1200 time ticks that corresponds to actual cell culture process duration from inoculation to harvest from experimental data. Each case was run 5 times, mean and standard deviation values were reported. Equipment. Cells were grown in 3L disposable bioreactors connected to Sartorius DCU Quad system. Dissolved oxygen, pH, agitation and temperature were maintained continuously by the Sartorius system based on characterized process conditions. Raman probes were inserted in the bioreactors to collect spectral signals at predefined time intervals.
Analytical Methods. Cell counts, glucose, lactate, pH and sodium were performed using Nova Flex instrument at minimum once a day. Raman data were processed and correlated to offline Nova Flex glucose readings.
RESULTS
A hybrid ABM is developed to capture the dynamics of a fedbatch cell culture bioreactor and predict instant nutrient and metabolite concentration. The model was run to simulate two cases of cell culture condition in which the initial cell concentration, DO and feed time show differences.
Case 1 will be referred to as the low VCD case (for low initial viable cell density). After inoculation, glucose level was allowed to drop to a critical level (t c ) at which time glucose was fed periodically to an optimized glucose target until harvest. Offline samples at select time points in the process were taken to monitor process trends. Results for glucose (A), lactate (B) concentration, viable cell density (C) and viability (D) are presented in Fig. 6 . For glucose, ABM prediction was compared with Raman data in addition to offline Nova Flex measurements. ABM captured the dynamics of glucose change in bioreactor with a good parametric sensitivity. Lactate concentration declined at time point t 1 due to the metabolic shift caused by low glucose concentration. At time point t 2 , zero oxygen was supplied to the culture for 15 min due to maintenance on the oxygen manifold unit. This incident caused high lactate production in the cell culture. Same DO profile was provided to challenge the model and ABM captured the increase in lactate production at t 2 . Viability and VCD showed sharp decrease after t 2 , following nutrient and oxygen deficiency.
In Case 2, the initial cell density was higher and glucose was fed after t c+x (where x is the additional amount of time Case 2 glucose level was allowed to decline before glucose was fed to the culture). Once glucose feeding was initiated, the culture was fed to the same glucose target for the same time interval as Case 1 until the culture was harvested. Results for glucose (A), lactate (B) concentration, viable cell density (C) and viability (D) are presented in Fig. 7 . The glucose concentration showed a better agreement than what was observed in low-density case. Lactate concentration decreased and showed steady state behavior in simulations (Experimental fluctuations shown here were smaller than instrumentation lactate error). High-density case resulted in higher VCD and viability, both decreased slightly later due to nutritional deficiency. The percentage of cells that underwent metabolic shift and consumed lactate was plotted from simulations ( Fig. 8 ). High density case showed an early metabolic shift due to fast consumption of nutrients. Low density case started metabolic shift later than the high density case and showed variation after time point t 2 due to oxygen manifold maintenance work. Root mean squared error (RMSE) values were calculated to evaluate the ABM performance (Table 2) . In this study, we introduced a hybrid framework with an agent-based approach to model the interplay between the cells and their living environment. Our motivation was to capture the important dynamics of complex bioreactor system by focusing on natural behavior of cells that was represented as a combination of a rule set and metabolic equations.
The rules developed here are generic to mammalian cells. Because the model focuses on CHO cell behavior, rather than specific system level dynamics, it can be easily modified to simulate different operational conditions with minimal change in input parameters. The model has a great flexibility to extend the level of complexity by including more environmental variables and rules owing to the objectoriented nature of agent-based modeling.
The hybrid model is currently not capable of predicting dissolved oxygen and sodium, they were assumed to be available and their experimental data were fed to the model at each time point. The way in which the hybrid model is setup offers the ability to plug-and-play more sophisticated mechanistic models that can predict dissolved oxygen, sodium and other cell metabolites.
Typically osmolality is used to track bulk osmotic pressure within the cell culture over time. It is a critical parameter to monitor for all cell-based cultures (Ozturk and Palsson, 1991, Takagi et al., 2000) , however to the best of our knowledge, there is no mathematical model to account for it. For our process, the sodium level correlated closely with the osmolality trend, which offered an alternative model input to osmolality. ABM models (not shown) were also built with osmolality as model inputs and they showed similar predictability as the ABM models built using sodium.
Due to shear sensitivity of mammalian cell culture (Petersen et al., 1988) , ideal mixing assumption may not be valid for large scale bioreactors as spatial gradients may be present (Lara et al., 2006) . Agent-based modeling is a natural choice to account for the heterogeneity to address this problem.
Transport equations are not incorporated to account for nonideal mixing in this work due to the small scale of bioreactor of interest (3 L with 2L working volume).
Model predictions were compared with the same cell culture experimental conditions and in each simulated case the model captured the important dynamic changes both qualitatively and quantitatively. The model predicts the glucose with RMSE less than 1g/L and lactate with RMSE less than 0.5 g/L. These are acceptable errors as the cumulative errors from our offline experimental measurement (instrument and random error) are in the same range as the calculated RMSE. The metabolic shift from glucose to lactate is an important consideration in cell culture processes with its impact on nutrient and metabolite profiles as well as the viability of culture (Lao and Toth, 1997) . ABM is capable of generating acceptable prediction of cell behavior as cells go through metabolic shift under different process conditions.
Another advantage of this model is its adaptive behavior to different conditions of interest and scalability to serve different purposes. Since agent behaviors are analogous to real behaviors of individual cells of the modeled system, agents are a natural choice for the application of adaptive techniques, that makes migration from simulation model to adaptive control model much more straightforward in ABM than in equation-based modeling (Van Dyke Parunak et al., 1998).
CONCLUSIONS
We have shown the applicability of ABM to cell culture bioreactors in this study. A hybrid simulation framework is proposed to predict the dynamics in cell culture bioreactors using ABM techniques. The ABM applied to fed-batch cell culture has been validated with the experimental findings and has shown good agreement in predicting cell culture behaviour. It has great possibilities in applying adaptive modeling capabilities to further cell culture understanding and control.
